This paper investigates the gender wage gap in entry wages and in the early career for German skilled workers in the period [1975][1976][1977][1978][1979][1980][1981][1982][1983][1984][1985][1986][1987][1988][1989][1990]. We use a new administrative longitudinal data source that allows to observe complete work and skill accumulation histories from the beginning for up to 13 years in the labour market. Descriptives show an entry wage differential of 22 percent between male and female full-time workers. Furthermore, the differential stays almost constant throughout the first 8 eight years in the labour market. Among the factors that explain the entry wage gap, premarket choices of training schemes are found to be particular important.
Introduction
For most industrialised countries wage differentials between men and women are shown to be between 25 to 30 percent. A substantial part of these remain unexplained even after taking into account individual human capital characteristics, such as education, age or work experience and work place characteristics.
2 One may be concerned that this is due to discriminatory forces in the labour market, or that productivity related differences are measured imprecisely and, hence, unobserved heterogeneity may account for a substantial part of the unexplained wage differentials. This study contributes to this literature by using a particular sample of young WestGerman male and female workers for which the skill accumulation process as well as wages can be measured very precisely from the beginning of the working career.
We investigate entry wage differentials and the development during the early career. To perform such an analysis, one needs retrospective information on work and wages. Existing empirical studies rely mostly on survey data. Apart from common caveats of these data sets, such as measurement error problems in wages and work history variables (Bollinger, 1998 ), a shortcoming is that individual working careers are often not observed from the beginning, after completion of education, onwards. This is the so-called left censoring problem. 3 This makes it difficult to measure complete work histories and disentangle the factors that determine wage differentials in entry wages and the differential evolving over the career. 4 As a result, only a few studies demonstrate that a significant entry wage gap exists. For example, in Loprest (1992) for samples of 18 to 25 year old men and women of all education groups taken from the NLS 5 for 1979
to 1983 an entry wage gap of about 11 percent was found. Furthermore, Dolten and Makepeace (1986) found an entry wage gap of 7 percent using a sample of U.K. graduates in 1970. We know little, however, about explanations for this entry gap and whether it persists over careers. Some related evidence has been presented in Light and Ureta (1995) who estimated wage regressions that included controls for previous work history and time periods spent out of work. They found that about 7 percent of the wage gap can be explained by male-female differences in the timing of work experience.
Evidence from the 70s and 80s in the U.S. seems to suggest an increasing gap that is partly attributed to lower levels of actual work experience of women compared to men, and relatively higher returns to work experience 3 Put differently, the problem is the small sample size of individual records that are not left-censored in this way, for example, in the NLSY, PSID or BHPS -see e.g Harkness (1996) , Mincer and Polachek (1974) O'Neill and Polachek (1993) , Blau (1998) , Light and Ureta (1995) . 4 Instead, studies identify entry wages parametrically by the constant in the wage regressions. 5 The National Longitudinal Survey conducted in the U.S..
for men (Corcoran and Duncan (1979) , Polachek and Robst (2001) ). As an explanation of the widening of the gap during the first four years of the career, Loprest (1992) showed that for men, wage gains from job changes are larger than for women 6 . Apart from this factor, she argues that occupational segregation and changes from full-time work to part time work of women contribute to the increase of the wage gap.
In our study, we use a sample of young skilled full-time workers drawn from the German employment statistics, the IABS, for the period [1975] [1976] [1977] [1978] [1979] [1980] [1981] [1982] [1983] [1984] [1985] [1986] [1987] [1988] [1989] [1990] . The IABS is an administrative data set. Skilled workers are defined as workers who have undertaken vocational training within the dual system apprenticeships programme. Typically, they have completed 9-10 years of schooling and 2-3 years of apprenticeship. The sample contains approximately the middle 70 percent of the German workforce skill distribution.
The main advantages of our data are that work histories are observed from age 16 onwards, and that the sample is large, including approximately 35 000 individuals in total. Thus, precise measures of work histories, skill and wages can be generated for a significant part of the German labour force.
The goal of this paper is to disentangle the dynamics underlying the evolution of the gap. Adopting the human capital model (Becker, 1964) , we distinguish factors explaining the entry wage gap and early career gap. An important factor that can explain wage differentials are pre-market factors 6 Her results show that men are as likely as women to change job. (Neal and Johnson (1996) ). We exploit the fact that we observe entry wages and rich information on training before entry into the labour market to scrutinize the sources for wage variation. In our analysis of early career wages we condition on complete work histories. Descriptives show that among workers in their 20s gender differences in accumulated work experience are not revealed yet. Hence, holding other factors constant, differences in wages can only be due to differences in the coefficients of work experience or the timing of work experience accumulation (Mincer and Polachek (1974), Light and Ureta (1995) ). To analyse the impact of timing of work experience we estimate wage regressions where we use the entire path of human capital accumulation and allow coefficients to vary across work history segments.
Three main sets of results are presented in this paper: First, we document a substantial wage gap of about 23 percent in entry wages which remains quite constant over early working careers. Second, holding occupational qualification constant ( i.e. the observed apprenticeship occupation) reduces the gap to 8.4 percent. Third, decomposition of the wage gap shows that the timing of working career accounts for 1 percent during the first couple of years of work and its effect increases to 3 to 5 percent at 9 years of experience.
The remainder of the paper is structured as follows: In section 2, we describe the data and the institutions of apprenticeship training. In section 3, we show descriptives. The main empirical analysis on entry wages follows in section 4 and on early career wages in section 5. In section 6, we conclude.
Data and institutional settings
We use the IAB employment sample (IABS) 7 for West-Germany that is available for the period 1975 to 1990 and is an administrative event history data set. The IABS is a 1 percent random sample drawn from the event history data file of the social security insurance scheme, the employment statistics, collected by the German Federal Bureau of Labour. The fact that the data was collected for administrative purposes is an obvious advantage and makes the data particularly reliable. The IABS contains all workers in West-Germany who have had at least one employment spell eligible for the social security insurance scheme. As a result, included are all dependent employees in the private sector, i.e. about 80 percent of total employment in West-Germany. 8 The event history data includes information on every change in working status distinguished into full-time work, part-time work, unemployment, interruption which captures national service and maternity -or parental -leave, and gaps. This we summarize as time out of work in the following. One may note, also, the particular event history data 7 IABS abbreviates the Institut für Arbeitsmarkt und Berufsforschung Sample. 8 Not included are: civil servants, self-employed, unpaid family workers and people who are not eligible for benefits from the social security system. For more details see Bender et al. (1996) . structure implying that a unit of the data is a spell, which is not necessarily the same as a yearly spell. A unique feature of our data is that complete business) and the individual must be observed in the data before 1988 for the first time. 11 For a detailed description of the German dual system apprenticeship programme see Münch (1992) .
Descriptive statistics
In our data, individuals are organized by cohorts according to the year of entry into apprenticeship. This is illustrated in Figures 1 and 2 where postapprenticeship employment rates for male and female workers are shown.
The year of entry varies within cohorts due to variation in the age at entry into apprenticeship and duration of apprenticeship. 12 As expected, males' employment rates monotonously increase to a level of 80 to 90 percent.
The employment rates of females increase first, and then decrease below a population average, i.e. approximately 55 percent in 1988 for Germany 13 , due to child bearing and rearing. For a longer sample, one would expect employment rates to go up again.
12 For a few individuals we observe wages for working in a job eligible to social security prior to apprenticeship. We drop these unskilled work wages from our analysis sample. 13 German Statistical Yearbook, various years. The main variables are the wage, the work history variables work experience and total time out of work, and variables measuring occupation and skill. The wage variable is the logarithm of the daily wage deflated by the consumer price index by the German Statistical Office. Due to the restriction to full-time workers, wages refer to full-time wages meaning that working hours are at least 35 hours per week. We define the variable time out of work as the total time not in salaried work, and not in work eligible to social security. It can be directly generated as the sum of days in unemployment, interruptions and non-work. Unemployment is reported in the data when individuals receive unemployment insurance. Interruption 16 For technical reasons, starting wages are measured in the second wage spell of an individual's record in full-time employment. While for firm movers (immediately after apprenticeship) the end of apprenticeship is reported precisely in the data, for firm stayers the end of apprenticeship can only be determined with variation of up to one year. Therefore, the first wage spell for stayers may contain apprenticeship wage components and a too low wage in full-time employment may be reported in the IABS. In order to make work histories comparable for firm stayers and movers we drop the first wage reported for each worker. 17 The differential becomes negligibly small, i.e. 1.3 percent, after the duration in apprenticeship has been taken into account. On average the duration is longer for men, this differential has increased to 22.4 percent. Figure 3 plots logarithmic wages estimated non-parametrically as a function of work experience. 18 We apply a robust smoothing method 19 and display results for two different smoothing parameters, shown in Figure   as can be seen from Table 2 . 18 Wages shown here are predicted logarithmic real wages after growth due to time dummy variables has been netted out. Time dummy coefficients are estimated consistently from entry wage spells separately for males and females. Confidence bands not shown in the graph are rather narrow, given the number of observations, and wages are significantly different across work experience levels as well as gender. 19 Note that work experience is measured in the original data on a daily basis. show an increase of gender wage gap from an initially low level. (Loprest (1992) , Light and Ureta (1995)) 4 Entry wages and pre-market factors
We conduct the analysis of entry wages for the sub-sample of wages in the first job. Taking a human capital theory approach, differentials in entry wages between genders are due to the relatively larger human capital endowment males have acquired by entry into first employment, in comparison to females. First of all, human capital in the beginning of the career can be described by (general) education, age and qualification -vocational or college degree. The corresponding mean characteristics for our sub-samples of female and male workers are presented in Table 2 . It turns out that females and males are both of similar age in their first employment. Furthermore, 20 We use a standard procedure implemented in Stata. We apply running means to the logarithmic wages at the most disaggregated level. Smoothing parameter set I: running means at span three and repetitions until convergence. Smoothing parameter set II: running means at span nine. Despite similarities of the quantity of education and vocational training among workers in our sample we find -similar to other Western industrialized countries -more striking differences in the type of training, i.e.
occupational qualification. Women are more likely to be qualified in services, for example, as a professional clerical worker or receptionist, and men are more likely to do apprenticeships in manufacturing, for example, as a motor vehicle mechanic or electrician. Hence, in analysing entry wage differentials in our sample particular attention is attributed to differences in occupational qualification -which is the main source of heterogeneity in human capital across individuals.
First jobs and skill
Heterogeneity in qualification can be measured in the data in several ways.
First, our data sample includes a broad measure for job status that distinguishes between unskilled, skilled blue collar workers, skilled white collar workers and others, e.g. foremen. Percentages of men and women in each of the categories are listed in 21 To do this calculation one needs to keep in mind that about 60-70 percent of the population in Germany undertakes apprenticeships (Münch, 1992) . In comparison, in the U.K. for the period 1990-1992 GHS data shows that only 27.9 percent of all male and 19.4 percent of all female aged 25-34 reached a degree or a higher educational level. See: Harkness (1996) . 22 Firm identifiers are given to each establishment in the IABS. Large firms are split into establishments with different firm identification numbers. 23 Industries are distinguished into approximately 99 groups (2-digits). The category refers to the main sector of value addition.
To describe skill match with respect to occupation, firm and industry, we generate binary skill match variables that take the value one if an individual stays and zero otherwise. Stayers with respect to occupation, for example, are defined as individuals for which the occupation of qualification on a three digit level is the same as the occupation of work. For the skill match variables, the means and standard deviations are reported in the lower panel of Table 2 .
Quite striking are the extremely high shares of stayers, in particular, in the occupation of qualification, i.e. 73 percent for females and 65 percent for males, and with the training firm, 63 and 70 accordingly. High shares of stayers may suggest that one finds positive returns for staying and losses for moving between firms, jobs (occupations) or industries due to non-transferability of human capital. Our wage regression estimates, shown in the next section, support this hypothesis.
Entry wage regressions
In order to estimate the explained male-female differential in entry wages, we adopt a two step procedure. In the first step, we estimate wage regressions controlling for pre-market characteristics separately for male and female workers. In the second step, we decompose the wage differential, following Oaxaca (1973) and Blinder (1973) , into the explained part by the sum of the differences in human capital characteristics weighted by prices, and a residual, which is the unexplained fraction. We use the estimated coefficients from the male sample regression for the weights. The main results do not change using the female sample regression results instead.
Estimation results shown in Table 3 are very much in line with human capital theory. Yet, we find significant differences between groups. In column 1 and 2, estimation results are shown for wage regression where the controls for productivity related differences exclude the occupational qualification variables. Coefficients shown in column 3 and 4 are conditional on the complete array including controls for the specific training. Results seem to change very little moving from the shorter to the longer specification. We find that staying with a firm leads to wage gains compared to moving. This becomes smaller after taking out heterogeneity due to type of training. Changing qualification seems to decrease wages. The duration of apprenticeship is positively correlated with wages proxying perhaps quality of training. An upper degree also leads to gains that seem partly correlated with the occupational qualification.
Results for the decomposition of the entry wage gap into explained and unexplained fractions due to differences in endowments are summarised in Table 4 . As shown before, the total entry wage gap is 22.4. Using the male wage regression estimates of the parameters and human capital characteristics excluding occupational qualification, as shown in column 1 and 2 in Table 3 , we find that only 8.6 percent can be explained by differences in the controls. This fraction increases to 89.9 percent when we add the occupational qualification, using results in column 3 and 4. Hence, pre-market differences play a crucial role for wage differentials.
This result may be highly sensitive to the exogeneity assumption of occupational qualification. The exogeneity assumption can be violated mainly for two reasons: non-random self-selection into occupational qualification bias, and market discrimination. If the exogeneity assumption does not hold our results can be interpreted as reduced form in these variables.
Self-selection into occupational qualification schemes takes place among the group of juveniles when they transfer from school to apprenticeship at the Discriminatory factors together with productivity related differences may be removed when controlling for occupational qualification. Underlying is the idea that occupational segregation is partly determined by discriminatory forces, such as entry barriers and social norms. This would bias outcomes and implies that our estimate of the unexplained differential would be estimated with downward bias. Entry barriers set by firms, societal rules or images that pupils are taught at school and by their parents can have such indirect discriminatory effects. They may result in females from being discouraged of going into male jobs, such as manual jobs or jobs in science.
While this argument though may be very appealing, it is very hard to find good exclusion restrictions for identification. In our case we do not deal with these problems.
Early career wages
For the analysis of the wage determination process we adopt the human capital model by Mincer and Polachek (1974) that segments the work history into work experience spells and non-working spells. Their model allows to estimate the particular effect of each work history segment, and hence considers timing. Furthermore, it allows to give a structural interpretation to the key parameters, i.e. the coefficients of the work experience variables and non-work variables. The parameters measure the net effect of the return to and depreciation of human capital. (Mincer (1974) The empirical implementation is adopted from Light and Ureta (1995) .
We estimate a work history model, as specified in equation (1),
where i indexes individuals and t time. The dependent variable is the logarithmic wage. The controls for the complete work history are defined for individual i as an array of experience variables, ex is , that measure the fraction of time worked in the most recent year, s = t, 1 year ago,s = t−1, 2 years ago, and so forth, back to the beginning of the career. These fractions can take the value zero either if the worker worked zero days during the year or the career was not in progress. For time out of work, out, we define dummy variables taking the value 1 if the worker did not work during the entire year. In addition, we control for pre-market characteristics that are time invariant, denoted by Z. ν i is an unobserved individual specific effect and u it idiosyncratic noise. We allow effects to vary for up to six years into the past.
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The model is estimated by fixed effects estimation for the sample of males and females separately. Fixed effects takes account of unobserved heterogeneity that is likely to bias coefficients of the work history variables. This results in consistent estimates of the effects on accepted wages. If selection into work for females follows a time dependent process estimates are not consistent estimates of the effects on offered wages. Comparison of estimates for our sample of females (including drop outs) and a sample of more continuously working females shows that coefficient estimates are highly sensitive to the use of the sample. In the fixed effects estimation results, that we present, we do not control for time varying non-random selection into work. However, this does not limit the results on the explained fraction of the gender wage gap due to timing of work experience since we do not rely on female sample parameter estimates.
Summary statistics
From the summary statistics reported in Table 5 , we can see that the early careers of young skilled males and females do not reveal yet the gender distinctive labour force participation patterns. At the mean individuals in 
Estimation results
Estimation results of the wage regression are shown in Table 6 . In column one and two, we show the results using all cohorts in our sample. In column three and four, results for a highly selected group is shown, these are for the cohorts followed longest in our observation window are shown. Parameter estimates for the work experience variable reveal a time effect of the accumulation path. For males we find that most recently acquired work experience is remunerated relatively more than work experience acquired earlier. For females the decline is stronger. In general, the return from experience seems to be higher for females than for males. Time out of work seems to have small effects on wages, that are partly negative. In the following we focus on the effect of timing of work experience on the wage gap. Therefore, we do not use the coefficients of the time out of work variables for calculation of the decomposition.
In Table 7 we summarise the decomposition of the wage gap at particular work experience levels using estimation results for the coefficients of the work experience variables. In panel A, we show the results for all 13 cohorts pooled. In the first column we list the raw gap. Initially, the gap increases slightly and declines then for workers with more than 4 years of experience.
The gap due to timing of, and returns to experience, can be calculated by multiplying each individual's observed values for the vector of experience variables by the estimated coefficients for his or her gender and then by subtracting the women's average from the men's average. The gap due to timing is computed by multiplying each individual's values for the experience variables by the men's estimated coefficients, and we then subtract the women's average from the men's average. In this case both endowments and coefficients are held constant, and therefore timing of work experience is the sole source of wage gap. While the latter factor is unaffected by the coefficients from the female sample wage regression estimation, the former is affected. Hence, bias due to non-random selection of females into work is likely to affect these estimates. Results in Panel A seem to suggest that in the beginning of the career a quite high fraction is "explained" and its power declines and reverses sign. 27 Furthermore, we find that timing of work experience accounts for an increasing fraction of the gap. Among workers with 8 to 9 years of experience timing accounts for 3 percent.
For comparison, we present results for highly selected cohorts of workers with very similar education histories where selection bias should be most severe as could be seen from Figure 2 . As reported in panel B of Table 7 , for the cohorts 1975 to 1977 the raw gap seems a bit higher than at the mean for the full sample. The evolution of the gap is slightly (more) concavely shaped. The timing effect is very similar to the average and varies between 0 or 1 percent in the beginning and increases to 3-4 percent at eight years of experience. Again, the effect of timing becomes important between 5 to 9 years after completion of training. Hence, conditional on other factors, very early and later than 9 years after training the timing of work appears less important for wage gap.
Conclusions
We have examined male-female wage differentials during the early career using new administrative data for West-Germany. In the raw data we have 27 Estimation of several models and estimators have shown that these estimates are highly sensitive to the sample and specification.
found an entry wage gap of 22 percent and an almost constantly high differential at a similar level all through the early career. The main findings are that pre-market factors play an important role in determining the starting position of the career. In addition, for men and women at comparable levels of experience, we find that the timing of the work experience matters but explains only 1 to 4 percent.
Our result is in line with other international studies that have demonstrated that occupational segregation between men and women is a strong feature of labour markets and that women are working in relatively low paid jobs (e.g. Blau and Kahn, 1996) . Distinctive features of our study on German skilled workers are that we find a strong tendency towards gender segregation already when we look at the distribution of occupational qualification of young people at age 16 to 20, and that its effect on wages is extremely large. In other more college education driven systems, such as the U.S., no such segregation can be observed in the choice of a college degree in the 1990s (Brown and Corcoran, 1997) . For the early career, we find that differences in on the job training and time out of work do not have strong explanatory power for the gender wage gap. Hence, one may conclude that the pre-market factor occupational qualification may have permanent effects in an environment of low mobility.
If policy makers are concerned with gender wage gap, one may conclude that it would be perhaps better to postpone choices on specific careers towards a later age. At present, the German education system seems to force people to make occupational choice very early during their life. Postponing specialisation may counteract choices being dependent on attitudes towards professions and it may promote dependency on market factors. A way towards that could be the provision of more general training schemes. In practice this could mean to decrease the number of apprenticeship training occupations by grouping them into few more homogenous groups and allowing for specialisation and mobility within these groups later on.
